Background. Images with abnormal brain anatomy produce problems for automatic segmentation techniques, and as a result poor ROI detection affects both quantitative measurements and visual assessment of perfusion data. Objective. This paper presents a new approach for fully automated and relatively accurate ROI detection from dynamic susceptibility contrast perfusion magnetic resonance and can therefore be applied excellently in the perfusion analysis. Methods. In the proposed approach the segmentation output is a binary mask of perfusion ROI that has zero values for air pixels, pixels that represent non-brain tissues, and cerebrospinal fluid pixels. The process of binary mask producing starts with extracting low intensity pixels by thresholding, which subsequently correspond to zero values of the mask. Optimal low-threshold value is solved by obtaining intensity pixels information from the approximate anatomical brain location. Holes filling algorithm and binary region growing algorithm are used to remove falsely detected regions and produce region of only brain tissues. Further, CSF pixels extraction is provided by thresholding of high intensity pixels from region of only brain tissues. Each time-point image of the perfusion sequence is used for adjustment of CSF pixels location. Results. The segmentation results were compared with the manual segmentation performed by experienced radiologists, considered as the reference standard for evaluation of proposed approach. On average of 120 images the segmentation results have a good agreement with the reference standard with a Dice Index of 0.9576 ± 0.013 (sensitivity and specificity are 0.9931 ± 0.0053 and 0.9730 ± 0.0111 respectively). All detected perfusion ROIs were deemed by two experienced radiologists as satisfactory enough for clinical use. Conclusions. The results show that proposed approach is suitable to be used for perfusion ROI detection from DSC head scans. Segmentation tool based on the proposed approach can be implemented as a part of any automatic brain image processing system for clinical use.
Introduction
Dynamic susceptibility contrast (DSC) perfusion magnetic resonance (MR) imaging is used increasingly in clinical practice to evaluate cerebral blood perfusion in patients with such diseases as carotid stenosis, stroke or brain tumors [1] . In this technique, the passage of contrast agent particles through the entire brain causes signal drop (shortening of T2 and T2*) within tissues. This effect is monitored by a dynamic series of MR images. The recorded images are processed on a pixel-by-pixel basis to provide quantification of different hemodynamic parameters and to generate color-coded perfusion maps for them. Therefore analysis of DSC perfusion data can be based on quantitative perfusion measurements or on visual interpretation of perfusion maps. However, poor placement of perfusion region of interest (ROI) affects both quantitative measurements and visual assessment of perfusion data [2, 3] . This can be explained by the fact of presence of numerous artifacts that are obtained from image noise or from such non-brain tissues as skull or from regions filled with cerebrospinal fluid (CSF) [4] . Most of the software programs for perfusion data analysis provide the possibility to detect perfusion ROI in manual mode or could be more or less automated. Automatic approaches for segmentation are preferable in clinical practice for few reasons. First of all, manual segmentation is a very time-consuming process that can be critical for such patients that required acute stroke treatment. Furthermore, operator knowledge on brain structures and lesions is essential for correct results. Although the process of manual segmentation is a subjective process and is not reproducible. In spite of the above benefits, automatic segmentation approaches are generally good enough only for slices with normal anatomy. Image regions with lesions (tumor, stroke, necrosis, etc) can be lost because of automatic segmentation fails, and it is unacceptable for perfusion analysis. It can be explained by grounds of widely used algorithms for such automatic segmentation. Whereas there are a wide variety of proposed approaches, most of them can be grouped in two classes. One of them is based on image intensity values (thresholding, clustering algorithms), and the other is based on pattern recognition (neural network classifier, atlas-based algorithms) [5, 6] . The main drawback of the intensity based approaches is the problem of overlapping pixel intensity in lesion tissues and background. Lack of agesex-race-specific pre-segmented template data as well as not enough training samples for different size, density, and volume of the lesion can be a drawback for pattern based approaches. Also, it should be mentioned that most automated segmentation approached are focused on T1 images and may not be suitable for T2 images. Proposed strategy with parameterization of the T2 image intensity onto a standardized T1 intensity [7] scale uses mentioned before approaches for segmentation process, thus it is subject to the same drawbacks. There are some other approaches for head MR-scans segmentation that use benefits from specific image acquisition technique, but they are out of scope of this research paper.
Problem statement
The purpose of this study is to propose a fully automated, simple in implementation, and fast in execution time segmentation approach for perfusion ROI detection from DSC head scans. Threshold-based pixel differentiation forms the basis of this approach. Approximate anatomical brain location is uses to obtain information for solving optimal threshold value (its detection is based on both intensity features extraction and edge detection from derivatives of image projection profiles).
The rest of the paper is organized as follows. Section 2 discusses the proposed materials and methods. Section 3 presents and discusses the segmentation results. Finally, section 4 concludes the paper.
Material and methods
All brain perfusion MR images were acquired on a 3.0 T clinical MR scanner (Achieva, Philips Healthcare, Best, the Netherlands) from 12 patients with cerebrovascular disease. MR imaging was performed by using a T2*-weighted echo-planar sequence. Scan parameters were: repetition time, 1500 ms; echo time, 30 ms; flip angle, 90; field of view, 23  23 cm; image matrix, 256  256; slice thickness, 5 mm; gap, 1 mm. 17 slices were scanned with 40 dynamic images for each slice. Contrast medium (Gadovist, Bayer Schering Pharma AG, Berlin, Germany) with a dosage of 0.1 mmol/kg body weight was injected at a rate of 5 mL/sec, followed by a 10-mL bolus of normal saline also at 5 mL/sec. All images were collected in 12-bit DICOM (Digital Imaging and Communication in Medicine) format.
Image postprocessing software program was in-house developed. It is written in C++ and uses an open-source The Grassroots DiCoM library (GDCM, http://gdcm.sourceforge.net/) for loading medical images. It uses multi-threaded implementation to speed-up the data processing.
In the proposed approach the segmentation output is a binary mask of perfusion ROI that has zero values for air pixels, pixels that represent nonbrain tissues, and CSF pixels. Initially a binary mask has unity value for all image pixels. There are two major steps to produce binary mask of perfusion ROI from the initial all-unity mask: (1) low intensity pixels extraction; (2) high intensity pixels extraction.
The first step of the segmentation process consists in removing low intensity pixels from the entire image, i.e. air pixels and pixels of non-brain tissues (skull and extracranial soft tissues). This step reduces unity values of the initial binary mask to only brain tissues pixels.
The simplest and most commonly used method for such procedure is thresholding. It differentiates foreground (in our case brain tissues pixels) from the background (air and non-brain tissues pixels) through finding threshold value and marking image pixels with higher-than-threshold intensities as one class and the rest as another class. Finally, based on marking results, a binary image is created by assigning a value of zero to background pixels and a value of unity to foreground pixels.
Finding an optimal threshold value is a key point to obtain a good segmentation quality. In case of threshold value is derived from the intensity statistics of the entire image, commonly applied methods such as Otsu, entropy-based or thresholding based on standard deviation yield an incorrect threshold value and fail to identify required low intensity pixels. In order to keep more hypointense pixels of brain tissues and lesions and at the same time to avoid involving of noised air pixels and pixels of non-brain tissues to final foreground results, the proposed approach determines lowthreshold value as a derived from approximate anatomical brain location. Approximate anatomical brain location indicating the probable area of the brain and it is obtained from the analysis of image projection profiles as follows.
Projection profile technique is widely used for indicating approximate anatomical positions of some organs or tissues [8, 9] . Different from commonly used averaged projection the proposed approach uses projection profile that is 1D function of the standard deviation values obtained by projecting the image pixels onto horizontal or vertical axis.
Let 
where N is the number of image columns and M is the number of image rows. The vertical standard deviation projection [ ] V P x is defined the same way by projecting the image pixels onto vertical axis and using them as a sample to calculate the standard deviation value.
The standard deviation value gives a measure of pixels intensity scattering across each projection. Projections with a lower standard deviation will have more uniform pixel intensities throughout its pixels. Therefore projection throughout the region with air pixels shows the lowest standard deviation values. Projection throughout the region with a lot of uniform intensity from air pixels and with outlier of different intensity from skull pixels will still show a low standard deviation value. As the projection will capture brain tissues pixels standard deviation value will become significantly greater. The global extrema of the first derivative of the projection curves are taken to be the edges of the approximate anatomical brain location. This is the basic idea of the entire image cropping to extract area of the approximate anatomical brain location. An example of the projection profiles of an image is shown in Fig. 1 . In order for optimal results to be achieved, extracting of mentioned area is performed on the 4 th time-point image for each space position (image acquisition protocol can vary, so processed image should be selected after discarding the first few time-points images at which signal intensity is not reached a steady state).
Intensity pixels information from the approximate anatomical brain location is used to determine low-threshold value. The low-threshold
where L  and L  are mean and standard deviation of intensity values for all the pixels included in the region of approximate anatomical brain location. Sometimes a binary image that is obtained by applying thresholding with found low-threshold value L T has falsely detected regions: small holes located within the foreground, i.e., hypointense areas inside the region of brain tissues (falsely detected background regions), and/or small isolated areas located in places of non-brain tissues, i.e. skull, skin, muscles, fat, etc. (falsely detected foreground regions). This happens due to the overlapping range of intensity for low intensity objects (intracranial tissues and lesions with low signal intensity on analysed images) and background.
In order to improve the binary mask of only brain tissues by removing falsely detected background regions a hole filling algorithm is applied [10] . The hole filling process is based on marking of each isolated background region as true background or as a hole in accordance with the following condition: the region is a background if its pixels end with image limit, otherwise it is a hole. Then all found holes are removed by changing their region with foreground.
After holes filling, a binary region growing algorithm is used to find the largest connected region, which is assumed to be a region that identifies only brain tissues [11] .
The binary mask of only brain tissues with intermediate processing steps to obtain it through low intensity pixels extraction are shown in Fig. 2 .
The second step of the segmentation process consists in removing high intensity pixels from previously detected region of brain tissues, i.e. CSF pixels. This step reduces unity values of existing binary mask more to produce final mask of perfusion ROI. The suppression of CSF inside the ventricles allows better assessment of tissues with delayed perfusion on such maps as time to peak or mean transit time that notably contaminated by hyperintense CSF pixels in case of their presence.
Similar to the first step of low intensity pixels extraction, thresholding is also can be used as a simple and fast method to identify CSF pixels that have high intensity difference from the surrounding pixels. However, in common cases thresholding leads to the identification of not only CSF pixels. Brain lesions nature can result in overlapping of pixels intensities range in lesion tissues and regions filled with CSF on DSC perfusion MR images. It is the main reason of failing to have correct high intensity pixels extraction. Binary images with good CSF pixels coverage can be derived by applying thresholding to the ratio images [12] , but there are a number of false positive segmented regions (mostly belonging to the lesions tissues) on them as well. In order to reduce false positive regions detection and at the same time to identify as more as possible CSF pixels for further removing, the proposed approach determines high-threshold value as a derived from region of only brain tissues and uses each time-point image of the perfusion sequence for adjustment of CSF pixels location. High-threshold value T H is determined based on the intensity pixels information from the obtained on the first step region of only brain tissues. Found high-threshold value H T is applied to each time-point image of the registered perfusion sequence to produce series of binary images. Each binary image is created from the existing binary mask of only brain tissues by assigning to them zero values in places where image pixels have greater intensities than H T . It is able to make CSF pixels identification by preliminary reducing processing area that is close to the ventricle system. It can be effective to improve processing speed.
It is calculated as
Adjustment of the CSF pixels location is performed by intersection of all obtained through applying T H -thresholding binary images that have the same space location. Produced through these actions mask is a final binary mask of perfusion ROI. This mask is applied on given image to extract the perfusion ROI from image.
The binary mask of perfusion ROI with intermediate processing steps to obtain it through high intensity pixels extraction, and extracted with this mask perfusion ROI are shown in Fig. 3 .
Results and discussion
The proposed segmentation approach was applied to detect perfusion ROI on DSC head scans from 12 clinical cases. The segmentation results obtained from the proposed approach were compared with a reference standard, which is the manually marked ROI of the brain perfusion data by an experienced radiologist and confirmed by a second radiologist. 10 sample images were selected from each of the clinical cases as the test set for the validation experiments.
In order to evaluate the accuracy of the proposed approach area-based metric was considered to estimate the similarity between the segmented perfusion ROIs through the proposed approach Sensitivity and specificity were used to estimate the number of properly detected pixels. The sensitivity shows the ability to correctly detect pixels of perfusion ROI. It is defined as True Positive Fraction /( ) TPF TP TP FN   , which calculation is based on true positive ( ) TP and false negative ( ) FN regions. The higher sensitivity shows the lower missed true pixels of perfusion ROI. The specificity shows the ability to correctly detect pixels of background (in our case air pixels, pixels that represent non-brain tissues, and CSF pixels). It is defined as True Negative Fraction TNF  /( ) TN TN FP   , which calculation is based on true negative ( ) TN and false positive ( ) EP regions. The higher specificity shows the lower missed true pixels of background.
Evaluation results of the proposed segmentation approach are shown in the Table. The results show that the proposed approach can reliably detect the perfusion ROI from DSC head scans. On average of 120 images the segmentation results have a good agreement with the reference standard with a Dice Index of 0.9576 ± 0.0130. Furthermore, the sensitivity and specificity measures of all the clinical cases are high (0.9931 ± 0.0053 and 0.9730 ± 0.0111 respectively). This means that detected regions are very satisfactory for quantitative measurements and visual assessment of brain perfusion data and do not need to be manually edited much by radiologist. All detected perfusion ROIs were deemed by two experienced radiologists as satisfactory enough for clinical use.
Comparison of the proposed approach results with user-defined threshold method was done on the same database. User-defined thresholding is the state-of-the-art method for perfusion ROI detection that is used in brain image processing system for clinical use. More details on automation, optimal threshold selection, and obtained results for user-defined threshold method can be found in previous study [2] . Proposed in current study approach showed superior performance compared with user-defined threshold method that reached only to 0.7829 ± 0.0866 for evaluating with Dice Index metric. An example of segmentation result for sample image is shown in Fig. 4 . As shown in the results, proposed approach of perfusion ROI detection from DSC head scans presents significant accuracy. In addition, one should note that proposed approach of perfusion ROI detection should be tested on more data sets obtained with different scan parameters in order to be better validated.
Average processing time of the proposed approach is about 0.2s per image (Intel Core i7-3770 3.4GHz, single threaded), which is quite fast.
Conclusions
Segmentation approach for perfusion ROI detection from DSC head scans was proposed in this paper. It does not require any external parameter to initialize image processing and thus to be considered as a fully automated. The proposed approach uses threshold-based pixel differentiation and solves optimal threshold value through processing pixels from detected approximate anatomical brain location. The evaluation results show that the strength of proposed approach is in producing well enough perfusion ROI detection from DSC head scans for slices with abnormal brain anatomy and, at the same time, it does not require a large computation time.
In summary, the approach proposed in this study provides accurate enough perfusion ROI automated segmentation on DSC head scans as suggested by evaluation analysis on images from 12 clinical cases. Proposed approach is fully automated, thus it can play an important role in cases that require processing of a large amount of patient images. Segmentation tool based on the proposed approach can be implemented as a part of any automatic brain image processing system for clinical use.
